Understanding the spatial variation in annual actual evapotranspiration (AET) and its influencing factors is crucial for a better understanding of hydrological processes and water resources management. By synthesizing ecosystem-level observations of eddy-covariance flux sites in China (a total of 61 sites), we constructed the most complete AET dataset in China up to now. Based on this dataset, we quantified the statistic characteristics of AET and water budgets (defined as the ratio of AET to annual mean precipitation (MAP), AET/MAP) of terrestrial ecosystems in China. Results showed that AET differed significantly among both different vegetation types and climate types in China, with overall mean AET of 534.7±232.8 mm yr -1 . AET/MAP also differed significantly among different climate types, but there were no distinct differences in AET/MAP values across vegetation types, with mean AET/MAP of 0.82±0.28 for non-irrigated ecosystems. We further investigated how the main climatic factors and vegetation attributes control the spatial variation in AET. Our findings revealed that the spatial variation of AET in China was closely correlated with the geographical patterns of climate and vegetation, in which the effects of total annual net radiation (R n ), MAP and mean annual air temperature (MAT) were dominant. Thus, we proposed an empirical equation to describe the spatial patterns of AET in China, which could explain about 84% of the spatial variation in AET of terrestrial ecosystems in China. Based on the constructed dataset, we also evaluated the uncertainties of five published global evapotranspiration products in simulating 1392 Journal of Geographical Sciences site-specific AET in China. Results showed that large biases in site-specific AET values existed for all five global evapotranspiration products, which indicated that it is necessary to involve more observation data of China in their parameterization or validation, while our AET dataset would provide a data source for it.
Introduction
Evapotranspiration (ET) is the major component for both terrestrial water cycle and surface energy balance (Wang and Dickinson, 2012) . Understanding the spatial variation in annual actual evapotranspiration (AET) and its influencing factors is not only crucial for predicting responses of large-scale hydrological processes to global climate change, but also essential for the water resources management (Allen et al., 1998; Dodds et al., 2005; Zhao and Zhao, 2014) and eco-environment researches such as desertification (Zhou et al., 2002) and droughts (McVicar and Jupp, 1998) under climate change.
In recent years, several studies have quantified the spatial patterns of AET at regional (e.g., Li et al., 2014; Liu et al., 2013a; Wang et al., 2013) and global scales (e.g., Mu et al., 2011; Yan et al., 2012; Yuan et al., 2010) using process-based or remote sensing models. Although the spatial patterns described by different models generally agreed well with each other for a given region (Mueller et al., 2011; Liu et al., 2013a) , large obvious uncertainties in AET values still remain. For example, the mean AET in China estimated by Boreal Ecosystem Productivity Simulator (BEPS) model (369.8 mm yr -1 ) (Liu et al., 2013a) was approximately 26% smaller than the value estimated by Remote Sensing-Penman Monteith model (500 mm yr -1 ) (Li et al., 2014) . The global mean AET differed even more largely among 15 simulations modeled in the Global Soil Wetness Project-2, ranging from 272 to 441 mm yr -1 (Dirmeyer et al., 2006) . These uncertainties may result from the complexity in modeling ET and the lack of its direct observations as well. Thus, in order to reduce the uncertainties in regional AET assessment, it will be necessary to analyze the spatial variation in AET and its influencing factors based on large-scale network measurements of ET across sites and ecosystem types, and thus to discuss the spatial patterns of AET by directly translating ET observations from sites to the regional scale.
A number of in situ observation methods have been widely applied at ecosystem level (Shuttleworth, 2007; Shuttleworth, 2008; Wang and Dickinson, 2012) , in which eddy covariance (EC) method can directly measure ET on a continuous and long-term basis Baldocchi, 2008; Zhu et al., 2012) and is preferred among meteorologists and ecologists. Currently, with EC as the main observation method, FLUXNET and several regional networks, including regional networks in Europe (CarboEuroflux), North America (Ameriflux) and China (ChinaFLUX) , have been operating for several years, which provide vital data sources for analyzing spatial variation in AET.
Accurately quantifying the spatial variation in AET would provide a theoretical basis and reference information for the water management and eco-environmental construction in China, since China is a country suffering from severe arid and regional imbalance of water resources. Meanwhile, the complex and diverse climate and vegetation conditions in China provide an ideal opportunity to examine the influencing factors of spatial variation in AET, which would also improve our understanding on the global water cycle. Moreover, China has utilized EC method to measure AET of major ecosystem types in key regions since 2002 and data from over 50 sites have been collected , which enables our analysis of spatial patterns of AET in China.
The spatial patterns of AET have been analyzed using water flux measurements collected by EC method in China (Xiao et al., 2013) and Canada (Brümmer et al., 2012) , and they concluded that the spatial patterns of AET were mainly affected by mean annual precipitation (MAP), mean annual air temperature (MAT) and vegetation type. As we know, the physical ET process is influenced by various interconnected environmental and biological factors (Jarvis and McNaughton, 1986; Wilson and Baldocchi, 2000; Wang and Dickinson, 2012) . Thus, the spatial variation in AET was supposed to be constrained by both climatic factors and vegetation attributes but maybe with different ways. However, current studies still stagnate at single influencing-factor (e.g., MAP and MAT) analysis. As the roles of different climatic factors and vegetation attributes in regulating the spatial patterns of AET are still not known clearly yet, therefore further studies will be needed if a more understanding of the spatial variation in AET and its underlying mechanisms is desired.
Therefore, by synthesizing the eddy covariance flux data in China, we constructed the most complete AET dataset in China up to now. Based on this dataset, we (1) quantified the statistic characteristics of AET and water budgets (defined as the ratio of AET to MAP, AET/ MAP) in terrestrial ecosystems of China, (2) explored how the main climatic factors and vegetation attributes control the spatial variation in AET and thus proposed an empirical equation to describe the spatial patterns of AET in terrestrial ecosystems of China, and then (3) examined the uncertainties of five published global ET products in evaluating AET values in China.
Materials and methods

Sites used in this study
In this study, we collected water flux data from two sources, i.e., the long-term observation from ChinaFLUX sites, and the published data from other sites in China.
Since 2002, ChinaFLUX has conducted continuous carbon and water flux measurements at 9 sites using the open path eddy covariance (OPEC) system , which covered 4 forests, 3 grasslands, 1 cropland, and 1 wetland.
In addition to the ChinaFLUX observations, we also collected water flux data of other sites in China from published literature, dissertations and Free Fair-Use database of FLUXNET, which comprised a dataset covering 15 forests, 15 grasslands, 15 croplands, and 7 wetlands. We adopted the following methods to screen these data. First, water vapor (or latent heat) flux data were uniformly measured by EC method, and subsequently passed a series of processes performed by individual site researchers. Second, only sites with at least 1 year continuous flux measurements were selected. However, winter-time flux measurements data were unavailable at ten sites in cold climate zones, including Aro, Changling and Siziwang. Considering that these ecosystems usually represent one of the unique eco-regions and play an important role in spatial variation analysis, these sites were also accepted in our study. Due to the small contribution of ET during winter time to AET in these ecosystems, the data measured during growing season (or longer than growing season) were used to represent AET.
After integrating the two data sources above, we constructed the most complete AET dataset in China up to now, which covered a total of 61 sites, containing 19 forest sites, 18 grassland sites, 16 cropland sites and 8 wetland sites. These sites have a broad spatial distribution and covered major climate zones and typical ecosystem types in China (Figure 1 ). Brief site descriptions for all 61 sites are provided in Table 1 . Detailed information for each site could refer to the reference listed in Table 1 .
For the sites with only 1 year data, the observed AET data were directly used in the analysis. For other sites with longer than 2 years of data records, the averaged values for AET during measuring periods were used to eliminate temporal variability in the analysis. The averaged climatic and vegetation factors mentioned below during corresponding observational periods were also used in the analysis. 
Data observation and process of ChinaFLUX
OPEC system was used to measure carbon and water fluxes at ChinaFLUX sites. All signals were sampled with a frequency of 10 Hz and then calculated and recorded with a data logger at 30-min intervals. At each site, the meteorological variables including solar radiation, air temperature and relative humidity were measured at a frequency of 2 s and then recorded at 30-min intervals. Further details of the monitoring systems were presented by Chen et al. (2013) and Yu et al. (2014) .
To process raw 30-min flux data, we applied the routine processing procedures recommended by ChinaFLUX, including three-dimensional coordinate rotation, Webb-PearmanLeuning (WPL) correction, storage flux calculation, outlier filter, and gap filling . The three-dimensional rotation was applied to make the average vertical wind speed to zero and to force the horizontal wind to the mean wind direction. WPL correction was used to adjust the effects of density change on CO 2 and H 2 O fluxes (Webb et al., 1980) . To screen low turbulence fluxes at night, site-specific friction velocity (u*) threshold was calculated according to Reichstein et al. (2005) . Short data gaps (<2 h) in the water flux data were filled with linear interpolation, and longer gaps were filled with a look-up table method Reichstein et al., 2005) . All the data processing procedures specified above were performed with a Matlab program written in-house. See for more information about data quality control and gap filling.
Climate data
Six climatic factors, namely, total annual net radiation (R n ), total annual incident solar radiation (R g ), mean annual air temperature (MAT), mean annual precipitation (MAP), mean annual relative humidity (RH) and mean annual vapor pressure deficit (VPD), were used to analyze the climate regulation of spatial variation in AET.
The measured MAT, MAP and R n were used in this study. For the sites collected from literature, MAT, MAP and R n data were also collected for their corresponding observational years. For some site-years with missing MAT or MAP, we filled the gaps with their multi-year averaged data. As to the R g , RH and VPD data, they were extracted from the corresponding interpolated dataset for each site-year. The gridded R g data were obtained from the data center of the Chinese Ecosystem Research Network (He et al., 2004) . The gridded data of RH and VPD were generated by the observed meteorological data at about 756 national basic meteorological stations in China, which were downloaded from the China meteorological data sharing service system (http://cdc.nmic.cn/home.do). We obtained the gridded RH and VPD data of China using the method of thin-plate smoothing splines in AUSPLIN software (Hutchinson, 1995) . Then, the averaged climatic factors during observational periods for each site were used in the analysis.
Vegetation data
To evaluate how vegetation controls the spatial patterns of AET in China, we chose mean annual leaf area index (LAI) to represent the vegetation attributes characterizing vegetation status and canopy structure.
To control the variation in LAI measurements, we employed a MODIS LAI product (MOD15A2) with a temporal resolution of 8 days and a spatial resolution of 1 km, which could highly match the spatial footprint of a flux tower (around 1 km 2 ) (Göckede et al., 2004) . For each site-year, we downloaded its MOD15A2 subset from the Oak Ridge National Laboratory Distributed Active Archive Center (ORNL DAAC, 2014) . Then, all the 46 LAI values during one year were averaged as the annual LAI values for each site-year. Similarly, the mean annual LAI during measuring periods for each site were used in this analysis.
The published global ET products
Based on the synthesized AET dataset (with 61 sites) above, we evaluated the performance and uncertainties of five published global ET products in predicting site-specific AET values in China. The five global ET products included a MODIS ET product (MOD16) (Mu et al., 2011) , a merged ET synthesis product (MUE13) (Mueller et al., 2013) , a normalized differential vegetation index (NDVI)-based ET product (ZHA10) , a product based on a machine-learning algorithm (i.e., model tree ensemble) (JUN11) (Jung et al., 2011) , and a product based on water balance approach (ZEN14) (Zeng et al., 2014) . Their brief information was summarized in Table 2 . More extensive descriptions could be found in specific references. Table 2 shows that the five ET products were different in both resolution and time span. Thus, when comparing with measured AET for a given site, we used the multi-year averaged yearly ET values during the time span for all the five ET products.
Data statistical analysis
Under the environment of SPSS 16.0 software, we applied analysis of variance and Tukey's multiple comparison tests to analyze the significance of differences in AET and AET/MAP among different climate and vegetation types. Curve Estimation tool was used to evaluate spatial relationships of AET with latitude, longitude, climatic factors and LAI, respectively. The difference or correlation was considered to be significant if P<0.05.
Meanwhile, path analysis was adopted to evaluate the dependence of AET on climatic factors and LAI using Amos 17.0 software. In the path diagram, we mainly evaluated the direct and indirect effects of R n , MAT, MAP, RH, VPD and LAI on the spatial variation in AET, respectively, and the direct effects of R n on MAT. The direct effects were taken to be the standardized partial-regression coefficients, while the indirect effects were taken to be the sum of standardized partial regression coefficients of all possible paths.
When evaluating the five global ET products, four statistics were used including relative error (RE), coefficient of determination (R 2 ), root mean square error (RMSE, mm yr -1 ) and mean absolute bias (MAB, mm yr -1 ). 
where x i and y i are measured AET value from flux towers and predicted AET value extracted from each corresponding global ET dataset for the ith site, respectively. x and y are the averages of the measured and predicted data, respectively. n is the total number of sites (i.e., 61). R 2 represents the fraction of the variation in the observed data that can be explained by the global ET dataset. RE, RMSE and MAB are used to quantify the biases between the predicted data and the measurements.
The spatial distribution figure of flux sites in China was plotted by ArcGIS 10.0 software, and all the other figures were plotted by Matlab R2009a software.
Results
Statistic characteristics of AET and AET/MAP in China
Analysis of variance showed that AET differed significantly among both different vegetation types and climate types in China (P<0.05). Then multiple comparisons across major vegetation types and climate zones were explored (Figure 2a) . Regarding vegetation types, broadleaf forests had the highest AET with mean AET of 732.5±207.3 mm yr -1 , and wetlands came second with mean AET of 678.6±217.9 mm yr -1 . For the cropland ecosystems, AET of irrigated croplands were much higher than AET of rainfed croplands (Table 1) , with mean AET of 521.0±157.5 mm yr -1 . AET of grasslands tended to be the lowest with an average of 318.9±125.0 mm yr -1 (Figure 2a ). Turning to climate types, AET showed an obvious increasing trend successively from temperate continental, alpine, temperate monsoon, subtropical monsoon, to tropical monsoon climate (Figure 2b) The ratio of AET to MAP (AET/MAP) was defined to describe the water budget status in natural terrestrial ecosystems of China in this study. Results showed that there were no significant differences in AET/MAP values across vegetation types in China (P>0.05, Figure 2a ), though grasslands generally had larger AET/MAP values than forests (broadleaf and needleleaf forests). Regarding climate types, AET/MAP differed significantly among different climate types in China (P=0.0315), but only the subtropical monsoon climate and alpine climate types had significant differences from each other (P=0.047) (Figure 2b ). We also noted that AET/MAP of temperate continental and alpine climate zones tended to be larger than that of three monsoon climate zones (Figure 2b) . As a whole, without taking irrigated ecosystems into account, the overall mean and median AET/MAP of terrestrial ecosystems in all sites was 0.82±0.28 and 0.79, respectively. Table 1 , in which EBF, DBF and MF were summarized as broadleaf forest (BF), while ENF and DNF were merged as needleleaf forest (NF). Thus, five climate and vegetation types were considered, respectively. For AET/MAP analyses, only non-irrigated sites were considered. Different lowercase and capital letters above bars indicate significant differences in AET and AET/MAP at the level of α=0.05 based on Tukey's multiple comparison tests, respectively. BF=broadleaf forest, NF=needleleaf forest, GRA=grassland, CRO=cropland, WET=wetland, I=temperate continental climate, II=temperate monsoon climate, III=subtropical monsoon climate, IV=tropical monsoon climate, and V=alpine climate.
Latitudinal and longitudinal patterns of AET
AET of terrestrial ecosystems in China showed an obvious latitudinal pattern and this pattern did not change when different ecosystem types were included (Figure 3a) . AET declined linearly with the increase of latitude (P<0.0001). With 1° increase of latitude, AET decreased by 24.94 mm yr -1 . In contrast, the longitudinal pattern of AET in China was much more complex (Figure 3b ). In general, AET decreased with the increase of longitude but not significantly (P=0.6876).
Spatial relationships of AET with climatic factors and vegetation attributes
We first tested the significant effects of vegetation and climate types on the spatial variation in AET using an analysis of variance (Table 3 , two-way, unbalanced, with interaction). Both the climate and vegetation effects were significant (P<0.0001) but their interaction effects were not significant (P=0.4120) (Table 3) . Then, the effects of main climatic factors and vegetation attributes were explored next. Figure 4 shows the spatial relationships of AET with main climate factors. The spatial patterns of total annual net radiation (R n ) and mean annual air temperature (MAT) closely correlated with that of AET, contributing 53% and 58% to the spatial variation in AET, respectively (Figures 4a and 4c ). But the spatial relationship of total annual incident solar radiation (R g ) with AET was much weaker and negative due to the impacts of the Qinghai-Tibet Plateau (R 2 = 0.13, P=0.0045) (Figure 4b ). When excluding the sites strongly affected by the Qinghai-Tibet Plateau (identified with grey markers in Figure 4b ), the spatial relationship of AET with R g became non-significant (P=0.3417) (Figure 4b ). Regression analysis also indicated that, the spatial patterns of MAP and mean annual relative humidity (RH) were pronouncedly correlated with that of AET, contributing 47% and 49% to the spatial variation in AET, respectively (P<0.0001) (Figures 4d and  4f) . Besides, the spatial patterns of mean annual vapor pressure deficit (VPD) could also explain about 28% of the spatial variation in AET (Figure 4e) .
Except vegetation type, mean annual leaf area index (LAI) is another important biotic parameter characterizing vegetation attributes, which could account for 46% of the spatial variation in AET (P<0.0001) (Figure 5a) . A clear logarithmic relationship between LAI and AET (R 2 =0.46, 
P<0
.0001) was found to be stronger than a linear (R 2 = 0.36, P<0.0001) and quadratic (R 2 =0.42, P<0.0001) relationship. Meanwhile, the spatial patterns of LAI were strongly affected by that of climatic factors, in which MAP and MAT could explain about 40% and 27% of the across-site variation in LAI, respectively (Figures 5b and 5c ).
For irrigated ecosystems, the added water from irrigation might affect the spatial response patterns of AET to climatic factors and vegetation attributes. When removing irrigated ecosystems, the coefficients of determination (R 2 ) for the spatial relationship of AET with MAP and RH increased from 0.47 and 0.49 to 0.65 and 0.62, respectively, while the spatial relationship of AET with other factors nearly did not change (Table 4) .
Path analysis was further adopted to evaluate the dependence of AET on these factors. Because the correlation between R g and AET was weak, R g was not considered in path analysis. Path diagram shows that R n , MAP and MAT are the dominant direct factors affecting the spatial patterns of AET in China (Figure 6 ), while the direct effects of LAI, VPD and RH on AET are not significant (thus not shown in Figure 6 ). Besides, R n could also indirectly affect the spatial variation in AET through influences on MAT, which made the total effects of R n even stronger ( Figure 6 ).
Based on path analysis results, an empirical equation involving R n , MAP and MAT was developed (Equation 5) using multiple linear regression analysis. This equation could explain around 84% of spatial variation in AET of terrestrial ecosystems in China.
AET=0.19MAP+0.21R n +9. R 2 =0.84, RMSE=101.23, P<0.0001) (5)
Evaluation of five global ET products over China
We evaluated five published global ET products using eddy-covariance AET values of 61 sites as the standards. Results indicated that all the five global ET products had good performance in describing across-site variation in AET, with R 2 ranging from 0.58 to 0.68 (Figure 7 ). Nevertheless, they had different degrees of deviations in simulating site-specific AET values, with relative error (RE) mostly falling between -50% and 50%. But RE reached 200% or greater for the sites with low vegetation coverage (No.30 in Table 1 ) (Figure 7) . Overall, the five products had root mean square error (RMSE) ranging from 103.50 to 226.50 mm yr -1 , and mean absolute bias (MAB) ranging from 105.12 to 153.98 mm yr -1 (Figure 7 ). All the five products simulated lower averaged AET values for the total 61 sites than eddy-covariance method (534.7±232.8 mm yr -1 ), with the largest deviation from ZHA10 (421.4±168.9 mm yr -1 ) and smaller deviations from JUN11 (514.4±219.0 mm yr -1 ) and ZEN14 (521.5±348.5 mm yr -1 ).
Figure 7
Relative error (RE) for global ET products of MOD16 (a), MUE13 (b), ZHA10 (c), JUN11 (d), and ZEN14 (e) in simulating site-specific AET in China. Site numbers refer to Table 1 .
Discussion
AET and AET/MAP in China
By synthesizing water flux data obtained by eddy covariance method in China, we con-structed the most complete AET dataset in China up to now. Based on this dataset, we quantified the statistic characteristics of AET and AET/MAP, and then evaluated the uncertainties of five global ET products in simulating AET values of terrestrial ecosystems in China. Although the spatial patterns of AET described by the five global ET products highly agreed with our measurements, large obvious uncertainties in site-specific AET values existed, especially for sites with low vegetation coverage (Figure 7) , and the averaged AET values for the total 61 sites simulated by all the five products were lower than that measured by eddy-covariance method (534.7±232.8 mm yr -1 ). This is mainly because very few observation data in China have been used in the parameterization and/or validation of these global ET products. Therefore, to improve the accuracy of global ET products in evaluating AET over China, it is necessary to involve more observation data of China in their parameterization or validation, while our AET dataset would provide a data source for it.
Among the major findings reported here we found that the geographic variation in AET/MAP is mainly controlled by the climate patterns in China, while no significant differences were observed across vegetation types (Figure 2 ). Generally, forests are expected to evaporate and transpire a larger fraction of MAP than that of grasslands, because of their deeper and more extensive root systems, and higher leaf area and associated higher interception capacity (Williams et al., 2012) . However, on the contrary, our results indicated that grasslands (0.92) generally had larger AET/MAP values than forests (between 0.60 and 0.74) (Figure 2a ), which agreed with the global synthesis results of Williams et al. (2012) . This is because that grasslands in China mainly locate in the temperate continental and alpine climate zones, and forests mainly locate in the monsoon climate zones, while AET/MAP of temperate continental and alpine climate zones tended to be larger than that of monsoon climate zones (Figure 2b ). These two aspects hence make AET/MAP generally higher in grasslands compared to forests.
We also found that the mean AET/MAP of included sites (ranged from 0.60 to 0.92, non-irrigated) was consistently larger than the global mean AET/MAP reported in Oki and Kanae (2006) (ranged from 0.54 to 0.68) for a given vegetation type, which was also attributed to the climatic regulation of AET/MAP. Affected by local climatic conditions, large differences exist in AET/MAP values among different climate zones for a specific vegetation type (Table 1) . The AET/MAP values are generally higher for ecosystems in temperate and alpine climate zones of China, which thus makes the mean AET/MAP in China generally higher than the corresponding global mean AET/MAP value.
Effects of climate and vegetation on the spatial variation in AET
Our analyses confirmed the latitudinal pattern of AET and its significant relationships with MAP, MAT and vegetation types reported in previous studies (Jung et al., 2011; Brümmer et al., 2012; Xiao et al., 2013) . Given the pronounced covariation or interactive effects among climatic factors (e.g., MAT vs. R n , MAT vs, VPD, MAP vs. RH) and vegetation attributes (e.g., MAT vs. LAI, MAP vs. LAI) (Law et al., 2002) , it is not surprised that the spatial patterns of AET significantly correlated with that of R n , VPD, RH and LAI. To better understand the climate and vegetation controls on the spatial variation in AET, it is important to comprehensively understand the roles of different potential influencing factors, especially vegetation attributes, in regulating the spatial patterns of AET.
Our findings suggested that the spatial variation of climatic conditions played a key role in shaping the spatial patterns of AET in China. It has been reported that the long-term mean AET (or water balance) was primarily controlled by the balance between water supply and atmospheric evaporation demand at catchment scales (Budyko, 1974; Yang et al., 2007) . Our analyses also manifested that the climate controls on spatial variation in AET of terrestrial ecosystems in China were also mainly reflected by water supply and atmospheric evaporation demand. Water supply affected the spatial patterns of AET mainly via determining surface water availability and atmospheric dryness, while MAP and RH could reflect their magnitudes, respectively. Thus, the spatial patterns of AET were significantly positively correlated with that of MAP and RH (Figures 4d and 4f) . When ecosystem water availability was altered by anthropogenic irrigation, the spatial relationships of AET with MAP and RH were thereby changed (Table 4 ). In the meantime, the atmospheric evaporation demand could be reflected by the magnitudes of R n and MAT. Because VPD was calculated from MAT, thus the positively spatial relationships of AET with R n , MAT and VPD were observed (Figures 4a, 4c and 4e). Our finding also revealed that the climate regulation on spatial variation in AET was achieved through balancing the relationship between water supply and atmospheric evaporation demand as well. For example, although the MAP at Gonggashan site (No.6 in Table 1 ) exceeds 1900 mm yr -1 , its MAT is very low (3.8 ), which hence ℃ makes small AET value (<600 mm yr -1 ). Our study also revealed that the spatial patterns of AET pronouncedly correlated with the vegetation pattern in China. Results showed that AET differed significantly among different vegetation types (Figure 2a) , and the spatial patterns of AET were highly correlated with that of LAI (Figure 5a ). Previous studies have demonstrated that the spatial variation in LAI could affect the spatial patterns of different components of AET. For example, evaporation of canopy interception depended on LAI (Jung et al., 2011) , and the proportion of AET that evaporated from soil surfaces increased as LAI decreased (Law et al., 2002) . Thus, it is seemly that LAI regulates the spatial patterns of AET mainly by influencing the proportion of different AET components (i.e., vegetation transpiration, soil evaporation and evaporation of canopy interception).
The effects of vegetation pattern on the spatial variation in AET are likely because climate pattern determines vegetation pattern. Since different types of vegetation have different cold-and drought-resistance capability, the geographic variation in climatic conditions determines the geographic distribution of vegetation types. These various vegetation types represent varying vegetation characteristics (e.g., LAI), thus climate pattern determines the spatial patterns of vegetation attributes. For instance, MAP and MAT patterns in China affected the spatial variation in LAI (Figures 5b and 5c) . Therefore, the evergreen broadleaf forests in tropical humid climate zones have higher LAI and AET, while grasslands in cold/arid climate zones generally have small LAI and thus small AET (Table 1) . However, there was a strong logarithmic relationship between AET and LAI in China rather than a linear relationship (Figure 5a ), which is determined by the geographic patterns of LAI and atmospheric evaporation demand in China. The forest sites with LAI larger than 3 m 2 m -2
were the biggest contributors to the non-linear relationship between AET and LAI in China. For these sites, they generally have higher annual precipitation and hence higher LAI compared with the sites located in the arid and semi-arid climate zones of China. However, their atmospheric evaporation demand is relatively lower than that of the arid and semi-arid sites. Thus, the balance between the geographic patterns of LAI (and MAP) and atmospheric evaporation demand shaped the non-linear spatial relationship between LAI and AET in China. Based on the analyses above, we can infer the influencing mechanism of climate and vegetation on the spatial variation in AET of terrestrial ecosystems in China. The complex topography and monsoon climate in China shaped the spatial patterns of climatic factors including water, solar radiation and temperature, which jointly determined the geographic distribution of vegetation types and vegetation attributes (e.g., LAI) in turn. On this basis, climate and vegetation collectively controlled the spatial patterns of AET through their closely spatial coupling correlation, and hence shaped the distinct latitudinal and complex longitudinal patterns of AET in terrestrial ecosystems of China.
